Models for estimating monthly average daily global solar radiation were developed for South African provinces. These models, in addition to
Introduction
The importance of affordable and environmentally friendly energy in day-to-day activities of human life cannot be overemphasized. Majority of the world's energy sources are derived from fossil fuels with the highest percentage coming from petroleum and coal. The combustion of these fuels leads to the release of CO 2 and CO among other gasses into the atmosphere.
Scientists have shown that the increasing concentration of CO 2 in the atmosphere is the most substantial cause of global warming [1] . The phenomenon is such that the atmospheric CO 2 acts as a cover which prevents reflected radiation from the Earth's surface from getting back into space and hence, heating up the atmosphere. The effects of global warming include severe flooding, drought, and increase in ambient temperature, etc.
Also, the release of CO into the atmosphere has been shown to be the cause of ozone layer depletion which in turn has led to the entrance of more ultraviolet rays from the sun into the atmosphere [2] . Large dosages of these rays have been shown to be dangerous to both plant and animal.
In order to mitigate or possibly reverse the effect of global warming and ozone layer depletion, the exploitation, development and use of environmental-friendly alternative and renewable energy sources with their associated technologies is very important. The sun has been identified to possess this energy in abundance. Technologies that employ these renewable energy sources are often referred to as green technologies.
As the world is going green, one of the major setbacks in designing, implementing, and analyzing the performance of green technologies, especially as related to solar equipment is the availability of solar data. Although, the best way to obtain solar radiation data is the in-situ measurement of the data, constraints such as cost of installation, maintenance, and re-calibration of radiometers which are used for solar data acquisition are mostly on the high side. Also some institutional constraints have been known to be creating difficulties in obtaining these data and where available, they may be incomplete. Hence, the need to develop models which may be used to accurately predict global solar radiation (GSR).
It is possible to develop models which employ other weather parameters that can easily be measured (and which are most of the time readily available) to predict the GSR at a particular location of interest. One of the earliest known radiation models was developed by Angstrom [3] . The equation was modified by Prescott [4] , such that the model is expressed as a function of extraterrestrial on horizontal surface and sunshine hour:
The ratio H /H 0 is termed monthly average clearness index and it is the ratio of a particular day terrestrial radiation, H to its extraterrestrial radiation, H 0 . It has been reported that in practice, the ratio H /H 0 rarely exceed 0.9 though it is possible that H /H 0 ratio can approach a unit (i. e. 1) during perfectly clear sky [4] . The H 0 is the component of the extraterrestrial radiation normal to the horizontal surface obtained using the average day number, n d (a day in the month which best approximates the month's average daily GSR) and integrating over the period of sunrise to sunset [5] [6] [7] . The H 0 is expressed by eq. (2) [7] :
where G sc is the solar constant and it is the energy from the Sun per unit time received on a unit area of surface perpendicular to the direction of the radiation at mean Earth-Sun distance outside the atmosphere, and the value of which has be adopted by World Radiation Centre to be 1367iW/m 2 [7] . The sunset hour angle, w s for the month is obtained using eq. (3) and d is the solar declination which is obtained using eq. (4) . The notation f is the latitude of the location being considered: cos sin sin cos cos tan tan 
Also, the values S and S 0 in eq. (1) are the monthly average daily hours of sunshine and monthly mean daily maximum possible sunshine-duration, respectively. The S 0 may be obtained using eq. (5), [7] . The coefficients a and b in eq. (1) are empirically determined regression constants which are dependent on the location where the meteorological data were gathered:
Sequel to the works of Angstrom [3] and Prescott [4] , researchers have developed several other models which are either same or higher order of eq. (1), [8, 9] . Several studies have also been conducted by different researchers in the area of solar radiation model formulation. Many of the models developed used only sunshine hour to predict the solar radiation for the selected locations [8] [9] [10] [11] [12] [13] [14] [15] , while a few other models also considered some other weather parameters like air temperature, precipitation, relative humidity, cloudiness, altitude (i .e. height above sea level), and number of dusty days to predict global radiation [16] [17] [18] [19] .
Different methods (mostly statistical) have been employed to develop GSR models and in recent times, researchers employed artificial neural networks to obtain GSR models [20] [21] [22] . Even with these new methods, most of the models developed are restricted to using sunshine hours as the only predicting parameter.
In a study, Ulgen and Hepbasli [23] developed two empirical correlations to predict monthly average daily GSR over city of Izmir in Turkey. One of the models relates the monthly average daily solar radiation to extraterrestrial radiation, sunshine hour and the latitude of the location of interest. The other model is a third order polynomial which correlates the monthly average daily global radiation to extraterrestrial radiation and sunshine hour. The authors reported an regression coefficient (R 2 ) value of 0.9152 and 0.9106, respectively, for these models. In another study by Ulgen and Hepbasli [24] , the solar radiation components (direct and diffuse solar radiation) are correlated with respect to ambient temperatures in the fifth-order polynomial form for city of Izmir in Turkey. The model was reported to have an regresion coefficient (R 2 ) value of over 0.95 for the predictions.
Sahin [25] , employed a simple formulation which eradicates the need to calculate the Angstrom [3] constants a and b to obtain solar radiation for three locations in Turkey. Values R 2 with a maximum and minimum of 0.94 and 0.87, respectively, were obtained for the locations considered.
Studies have also been conducted in which solar radiation models were formulated using average relative humidity. In a study, Yang and Koike [17] estimated surface solar radiation from upper-air humidity. The authors developed a model for solar radiation by parameterizing sky clearness indicator from relative humidity profiles within three atmospheric sub-layers. In another study, Akinnubi et al. [26] , developed correlation equation between relative humidity and solar radiation for city of Ibadan in Nigeria and it was concluded that the relative humidity is inversely proportional to the solar radiation of the city. Models for estimating solar radiation using only ambient temperature as parameter had also been developed [27] [28] [29] [30] .
The objective of this study is to employ statistical method to develop models which can be used to estimate monthly average daily global radiation on horizontal surface for South Africa. The models will use data obtained from weather stations which are located in the nine provinces in the country. These models, in addition to the traditional extraterrestrial radiation and sunshine hours which are common features in existing models, will incorporate other weather parameters. These parameters include the relative humidity, average ambient air temperature, and average wind speed. The inclusion of these parameters shall be based on some calculated statistical parameters.
Data description, collection, and processing
South Africa is located between latitudes 25°S and 30°S and between longitudes 17°E and 32°E. The country is divided into nine administrative provinces and is richly blessed with solar radiations. The availability of solar radiation data in South Africa has been described to be quite extensive relative to other African nations [31] . Fluri [32] used direct normal irradiation (DNI) data obtained from National Renewable Energy Laboratory (NREL) to develop a thermal map for South Africa ( fig. 1 ). The author also reported that variation in solar radiation in the country is found to be a yearly phenomenon.
Measurement of surface meteorological data are carried out by several organizations in South Africa and these include the South African Weather Service (SAWS) and the Agricultural Research Council (ARC). Most of the site measurements done by these organizations varies over length of time from site to site and employs automatic weather station (AWS) which takes measurements such as the solar radiation, temperature, and wind speed. However, the accuracy of these data from site to site is also variable as reported by Bekker [33] .
It is a common practice to use a multiplier to amplify the reading of an AWS if it is noticed that there is a gradual decline in the values of data being recorded over the years. This is an indication that the measuring equipment is degrading and there is a need for recalibration. However, the use of wrong multiplier (also called multiplier Figure 1 . Maps derived from NREL data showing the average daily DNI for South Africa for the whole year and for the months of March, June, September, and December (Gauteng; Mpumalanga), [32] error) can be more of a problem than solution. In addition to multiplier errors, it is also possible that directly measured data contain periods of bad or missing data. Several methods are used to correct the datasets and have been highlighted by different authors including Closikosz [34] .
In this study, an eleven year data obtained from ARC for nine locations were analyzed. A location is selected from each of the provinces in the country. Table 1 gives a brief description of the various stations whose data were collected for analysis.
The data obtained from ARC include total radiation, ambient air temperature, and relative humidity. The non-availability of sunshine hour data on ARC dataset made it compulsory to import and use the sunshine hour as supplied from SAWS dataset, but ensuring that the data used were those for locations which have closest proximity to the locations obtained from ARC. The available dataset were not totally error-free as some data were missing while some were totally not within the expected measurement range. These problems were corrected by interpolating or taking average of the affected data. Interpolation is done only when the missing data in a month for a particular weather parameter has related parameter available for the same month. For example, relative humidity and ambient temperature are related. So, interpolation can be done to calculate the relative humidity if ambient temperature is available and vice versa. The monthly average of a measurement over the collection period is used only if two consecutive measurements are missing and interpolation is not possible. It should be noted that it is the monthly average of the data over the period of data collection that is used in this circumstance.
Selection of parameters
This work developed a model for each for the province in South African to predict solar radiation based on metrological data obtained from ARC and SAWS.
The model formulation is based on the use of different weather parameters to predict the monthly average daily solar radiation. It employs monthly average daily sunshine hour S, monthly average daily relative humidity j, monthly average daily ambient temperature T a , and monthly average daily wind speed c w , as predictors for the models. For any weather parameter to qualify as a predictor, a two-tailed correlation analysis of the parameter is run against the ratio, H /H 0 . Any weather parameter whose correlation coefficient is not significant is dropped [35] .
Model formulation
After the appropriate weather parameters have been selected, models for solar radiation for different locations were developed. These predictors which were used in model formulations were selected by running a correlation analysis on each of the prospective weather parameter. It is worth noting that a parameter is only considered a candidate (or a predictor) to participate in the model formulation if its correlation is significant at 0.01 or 0.05 level, otherwise it is dropped. Based on the results of the correlation analyses (tab. 2), qualifying weather parameters were selected to participate in the model formulation for the particular location of interest. From tab. 2, it may be observed that for location VI, there is a weak correlation between H /H 0 and relative humidity, but since it is still significant at 0.038 confidence intervals with a two-tailed test, it was decided to have it along in the model formulation. This weak correlation is also noticed between H /H 0 and temperature for location VII, and also the same rule applies. The essence of this is to ensure that all weather parameters (i. e. probable predictors), no matter how small the correlation coefficients and inasmuch it is within the confidence interval, are given a fair chance to contribute in the model formulation and hence improving the model performance. Table 3 shows the participating weather parameters for different locations as inferred from results obtained from the correlation analyses. Using the various weather parameters as listed in tab. 3, models were developed by running a multiple linear regression analysis on the dependent variable, H /H 0 for the selected locations. The regression equation is of the form;
where y is analogous to the dependent variable H /H 0 , a -a constant and n -the number of predictors used in the models. Variables b i and x i are coefficient and the predictors (i. e. independent variables), respectively, used in the model and e -the standard error of estimation.
During the regression analyses, any predictor whose coefficient equals zero was dropped and did not take part in the model formulation. Equations (7)- (15) 
Also, the performances of model eqs. (7)- (15) are compared to the ones developed when only sunshine hour or relative humidity or ambient temperature is used as model parameter. The resulting equations for sunshine hour, relative humidity, and ambient temperature are as summarized in tabs. 5, 6, and 7, respectively. These equations shall be compared to one another in other to pick the one that gives the most accurate result for a selected location. It is important to note that wind speed is not used as a separate parameter for the models because not all locations have wind speed correlating to H /H 0 as shown in tab. 3.
Model evaluation
It is a common practice to evaluate developed models by comparing the computed value as obtained from the model to the measured value using some statistical tools [24, 25, [36] [37] [38] . From tab. 2, the total number of observations over the selected period of time per location, N = 132.
The developed model performance was evaluated in terms of the following statistics: mean bias error, (MBE), eq. (25) 
where n is the number of observations per location (n = 12 in a year for each location), H c,i and H m,i -the i th month calculated and measured global radiation for a particular location, respectively.
The MBE gives the overall long term performance of the model. The lower the MBE the better the performance of the model. The major drawback in its use is that error effect due to overestimation by the model is cancelled by the model's underestimation, that is, it is characterized by unfair error cancellation. A positive MBE implies that the model generally is overestimating while a negative MBE implies underestimation of the solar radiation. The desire is to have MBE as close as possible to zero. In an ideal scenario where MBE is zero, it implies that the developed model has an excellent long term performance, but also bearing in mind that MBE is not a good statistical tool for evaluating model performance in terms of error computation due to its intrinsic unfair error cancellation. This means that a model with a very small MBE does not really imply that it has a good performance in terms of its prediction.
The MABE is the mean of the absolute error of the model and it gives the general overview or total error occurrence regardless of underestimation or overestimation by the model. It eliminates the unfair error cancellation which is found in MBE. The MABE with a value of zero implies that the model is perfectly predicting the solar radiation without any error.
The MAPE is a measure of MABE but in the percentage of the measured quantity. Also, it is desired that the value of this error be near to or perfect zero for accurate prediction.
The RMSE is particularly useful in estimating the error between the measured and computed data and hence it is good for evaluating short term performance of the model [9] . The RMSE is always positive, though a zero value is ideal, a few large errors in the sum can produce a significant increase in RMSE.
The R 2 is a statistic which measures how successful the fit is in explaining the variation of the data [38] . It also called coefficient of determination or regression coefficient.
It is important to note that R 2 is not actually giving the error of prediction the percentage of the data that are properly fitted by the model. Most R 2 is a positive value number ranging between 0 and 1 (0 £ R 2 £ 1) depicting how much of data the model is able to fit (i. e. the model goodness of fit). The closer R 2 is to unity, the better and the more reliable the model.
Results and discussion
Using multiple weather parameters, monthly average daily global radiation is computed (from January to December) for selected locations as modelled by eqs. (7)- (15), and results presented in tab. 8. Table 8 also shows the statistics MBE, MABE, MAPE, RMSE, and R2 for the calculated data against the measured data. It is important to note that, the values of these statistics shown in tab. 8 are the annual values and that both H m,i and H c,i are measured in MJ/m 2 . Also, figs. 2(a)-(i) show the graphs of measured and calculated monthly average daily solar radiation for different locations plotted on the same axes.
Furthermore, monthly average daily global radiation models were developed for the selected locations using only a single weather parameter in each of the models, namely sunshine hour, average relative humidity and average ambient temperature as depicted by eqs. (16)- (24), (25)- (33), and (34)- (42), respectively. The results are also presented in tabular form in tabs. (8)- (11) in the respective order of sunshine hour, average relative humidity, and average ambient temperature. Figure. The selection of a model for a particular location will be primarily based on the R 2 value of the model. Table 12 gives a summary of the statistics for various locations as given by different developed models. Models which give most accurate estimate of global radiation for different locations are the ones whose R 2 value are shown in bold font face. The models developed using multiple predictors gave good prediction of global radiation for the locations considered and it was observed that for the model eqs. (7)- (15), the non-in- clusion of any of the predictor in these models have a significant effect on the accuracy of prediction. An interesting observation made from the study is that except for location VIII, global radiation can be accurately estimated using combination of different weather parameter eqs. Comparing the four sets of equation in terms of parameter composition, the equations set with multiple weather parameters eqs. (7)-(15) did fairly well in estimating global radiation for all locations. For this set, the analyses show that R 2 is in the range 0.8677-0.9871. Also, except for location VIII, the set of equations employing sunshine hours eqs. (16)- (24), average relative humidity eqs. (24)- (33), and average ambient temperature eqs. (34)-(42) gave fair estimate for global radiation.
The very low values of R 2 for sets of equation with only sunshine hours, average relative humidity, and average ambient temperature for location VIII may not be unconnected with the high convection due to relative high wind speed in this location. This is one distinct climatic feature of Eastern Cape, and the reason why most of South Africa wind farm is located in this province.
Generally, eqs. (16)- (19) and (21) are recommended for estimating global radiation for locations I, II, III, IV and VI, respectively, but where data for sunshine hour is not readily available, equations using average relative humidity or average ambient temperature may as well be employed without any significant loss in accuracy. Also global radiation estimates are best computed for locations V, VI, VII and VIII by using by eqs. (11), (13)- (15), respectively, and except for location VIII, a fairly accurate estimation of global radiation can also be obtained using any of the given single parameter models.
A comparison of the results obtained using the suggested models in this study to the ones obtained by Enweremadu et al. [35] for the same locations shows that the recommended models obtained in this study do give better prediction in terms of accuracy and hence, a lesser error.
Conclusions
Weather data were collected and analyzed for the nine provinces in South African to model GSR of each of the provinces. Generally, all the suggested models were able to give a good estimate of solar radiation for their respective provinces with goodness of fit in the range 0.898 £ R 2 £ 0.9871. The inclusion of some other weather parameters like percentage relative humidity, average ambient temperature, and average wind speed in addition to the traditional sunshine hours in some models for some provinces improved the accuracy of this model, while in some other provinces some of them were of no effect.
In conclusion, to improve the accuracy and performance of solar radiation models, it is important to consider other weather parameters to see how much they help in improving the error of predictions of these models. -regression coefficient S -monthly average daily sunshine hour S 0 -monthly mean daily maximum possible -sunshine duration
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